Trends in time series generated by physiological control systems are ubiquitous.
Trend durations turned out to be independent of treadmill speed. Consequently, we created two aggregated data sets from trials at different speeds. The solid curves in both subplots show the best-fit exponential PDFs. The probability plots, presented as insets, show the differences between the experimental and exponential cumulative distribution functions (CDFs). Slopes turned out to be independent of treadmill speed. Consequently, we created two aggregated data sets from trials at different speeds. The solid curves in both subplots show the best-fit Cauchy PDFs. The probability plots, presented as insets, show the differences between the experimental and Cauchy's cumulative distribution functions (CDFs).
March 27, 2020 8/33 4 displays the results of the scaling analysis for ST and SL time series. 82 In the majority of cases, the gait parameters have the following properties: 83 • The ST, SL, and SS scaling indices do not depend on the treadmill's speed. 84 • For all three parameters, there are no statistically significant differences between 85 the scaling exponents α (n) and α (M D) . 86 • The scaling exponents of ST and SL MARS residuals are significantly smaller 87 than those of the corresponding experimental time series.
88
The exceptions are listed below.
89
For stride speed, the differences in scaling exponents for different speeds were 90 observed for:
91
• DFA1: 100% PWS vs 120% PWS (p = 0.04);
92
• DFA2: 80% PWS vs 100% PWS (p = 0.01), 100% PWS vs 120% PWS (p = 0.02); 93
• DFA3: 80% PWS vs 100% PWS (p = 0.02);
94
• MD: 110% PWS vs 120% PWS (p = 0.01), 100% PWS vs 120% PWS (p = 0.01). 95
The scaling exponents α (n) and α (M D) were statistically different for:
96
• 90% PWS: α (1) = α (3) (p = 0.04);
97
• 90% PWS: α (1) = α (M D) (p = 0.02);
98
• 120% PWS: α (1) = α (3) (p = 0.002).
99
For stride speed for 90% PWS: α (3) = α (M D) (p = 0.02).
100
To identify the origin of ST and SL persistence, we determined the piecewise linear 101 MARS trends and the corresponding residuals for each trial. We then created an 102 ensemble of 100 composite signals constructed from the original trends and randomly 103 shuffled residuals. We performed DFAn and madogram analyses on such ensembles. For 104 both gait parameters and all treadmill speeds, α (n) and α (M D) were greater than 0.5.
105
Thus, the outcome of scaling analysis was not determined by the properties of the , α (2) , and α (3) are exponents calculated using detrended fluctuation analysis of order 1 (DFA1), 2 (DFA2), 3 (DFA3), and madogram (MD), respectively. Scaling analysis was performed for the raw experimental time series and time series detrended using the piecewise linear variant of the MARS model. In the latter case the exponents have an L subscript. All indices that are statistically smaller than 0.5 are marked with the dagger symbol. stride length scaling exponent series with small slope trends. More specifically, for each trial we found all segments of 158 MARS trends whose normalized length was greater than 40 and the absolute value of 159 normalized slope was smaller than 0.001 ( Fig. 3 
164
In Table 2 we collected the values of α (M D) for subject 2 for whom in 6 trials the and stride length (SL) series with small slope trends. For each experimental time series, we found all segments of MARS trends whose normalized length was greater than 40 and the absolute value of normalized slope was smaller than 0.001. Then, we extracted the parts of time series with such trends. We used the madogram estimator to calculate the scaling exponent of selected parts. The boxplots show the exponents aggregated from all trials (80%-120% PWS).
MARS algorithm did not detect linear trends. The median of these values was equal to 166 0.56. equal to 0.6% (see Fig. 11 ) and was about three times smaller than that of ST (1.6%), 180 SL (1.8%), and SS (1.7%). March 27, 2020 19/33
167
and Sprague correctly pointed out that, paradoxically, rather than raising doubts about 190 the purported universal applicability of DFA for trended processes, those papers were 191 actually used to demonstrate the efficacy of the method [31] . 192 In DFA, detrending is performed on the integrated signal. Consequently, global 193 linear trends can be eliminated using second or higher order DFA [28, 32] . Figure 1A   194 shows that prominent piecewise linear trends in stride time and stride length may small MARS slopes are equal to 0.57 and and 0.56 for ST and SL, respectively 223 ( Fig. 8 , see also Table 2 ).
224
• Fluctuations of ST and SL MARS residuals are weakly anti-persistent with 225 α (M D) = 0.48 in both cases (Table 1) .
226
The first two properties strongly indicate that the values of scaling indices of stride 227 time and length are determined by the superposition of large scale trends and small 228 scale fluctuations (note that the fractal dimension of a piecewise linear curve is 1).
229
We use the second and third property as evidence in support of the hypothesis that 230 trends serve as control manifolds about which ST and SL fluctuate.
231
Before we discuss the second hypothesis in detail, let us note that during treadmill 232 walking a subject's stride time and stride length must yield a stride speed that transverse components were persistent and anti-persistent, respectively. Moreover, the 240 tangential variability was higher than the transverse one. Thus, these statistical 241 properties provided the evidence that subjects did not regulate ST and SL independently 242 but instead adjusted them in a coordinated manner to maintain walking speed.
243
Herein we not only provide direct proof of such interdependence but also elucidate 244 how speed control during treadmill walking might actually be accomplished. The 245 distribution of the trend speed control parameter (TSC) in Fig. 10 and coefficient of 246 variation of v (trend) in Fig. 11 show that the trend speed v (trend) , defined as the ratio of 247 instantaneous values of piecewise linear SL and ST MARS trends, is tightly controlled 248 about the treadmill speed. The strong persistence of stride time and stride length does 249 not impair a subject's ability to maintain speed because of the strong coupling between 250 their trends (e.g. ρ trend = 0.85 at PWS). The concomitant changes of instantaneous values of ST and SL trends correspond to movement along the GEM which is the gist of 252 the redundant control of stride speed postulated by Dingwell et al. [33, 34] . 253 We also calculated the correlation coefficient between ST and SL trends as well as 254 the trend speed control parameter using the data from the recent research of Roerdink 255 et al. [35] . While the strength of correlation was comparable to the values presented in 256 this paper, the TSC parameter was smaller, indicating even tighter control of v (trend) . 257
The detailed analysis of Roerdink's data will be presented elsewhere. field of research [20] [21] [22] [23] 39] .
266
In this work we demonstrated that the persistence of stride time and length 267 originates from trends that may be approximated by the piecewise linear MARS model. 268
We are not aware of any previous studies that explicitly analyzed the properties of independently at a constant average rate. Further research is needed to verify whether 273 this kind of process is involved in the generation of gait trends. We believe that better 274 understanding of gait control mechanisms will pave the way for novel, more effective 275 strategies of gait rehabilitation. 
The MARS model f is a linear combination of basis functions h m :
We denote by M the set of basis functions h m which are constructed in a very specific 303 way. Let us consider two piecewise linear functions max(0,x−t) and max(0,t-x) with a 304 knot at t. These two functions (linear splines) form a so-called reflected pair. The We begin the construction of M by creating a set C of N reflected pairs with knots 307 equal to values x i :
The MARS model is build iteratively. A new basis function h M +1 is the product of one 309 of the already constructed basis functions h l and one of the reflected pairs from set C: 310
From all possible (M + 1)N products of this form, we select the one that gives the 311 maximum reduction in sum-of-squares residual error. Hereβ M +1 andβ M +2 are 312 coefficients estimated by least squares, along with all the other M + 1 coefficients in the 313 model. The first basis function h 0 (x) is constant equal to 1. The process of adding new 314 terms, which is often called a forward model-building procedure (forward pass), is 315 continued until the change in residual error is smaller than the predefined stopping 316 condition or until the maximum number of terms is reached.
317
The model built during the forward pass is usually overfitted and needs to be pruned 318 to obtain better generalization ability. During each stage of a backward deletion 319 procedure (backward pass), the term whose removal causes the smallest increase in 320 residual squared error is deleted. In this way, we find the best modelf λ with λ terms. 321
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The goal of the pruning process is to minimize the value of generalized cross-validation: 322 interaction was equal to 1). The stopping condition for the forward phase was set to 331 0.001, and the generalized cross-validation knot penalty c was set equal to 2, the value 332 most commonly used for additive models [42] .
333
Trend speed 334 We define a trend speed v (trend) i as the ratio of values of piecewise linear SL and ST 335 MARS trends at ith stride. To quantify deviations of the trend speed from the average 336 stride speed < SS > during a given trial we introduce a trend speed control (TSC) 337 parameter:
Thus, TSC is equal to zero when the trend and mean stride speed are equal to each 339 other during the whole trial. (y i − < y >),
where < y > denotes the mean value of the time series. Next, Y t is divided into 346 windows of length n and a local least-squares polynomial fit is performed within each 347 window. Let P t indicate the piece-wise sequence of such polynomial fits. Then, the 348 root-mean-square deviation from the trend, the fluctuation function, is calculated:
A straight line on a log-log graph of F (n) as a function of n is considered a 
For p = 1 we call such a structure function the madogram. As t → 0 γ p (t) = |c P t| αp + O(|t| (α+β/2)p ),
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where H ∈ (0, 1] and constants β and c P are positive. For one dimensional time series 361 {Y i } N i=1 , we may define the power variation of order p:
and using Eq. (10) derive the following estimate of fractal dimension: 363 D p = 2 − 1 p logV p (2) − logV p (1) log 2 .
The fractal dimensionD p and scaling exponent α are related by the following equation: 364
Despite its simplicity, the madogram estimator (p = 1) turns out to be particularly
